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Abstract
Recent technological developments have shown significant
potential for transforming urban mobility. Considering
first- and last-mile travel and short trips, the rapid adop-
tion of dockless bike-share systems showed the possibility
of disruptive change, while simultaneously presenting new
challenges, such as fleet management or the use of public
spaces. At the same time, further advances are expected
from adoption of electric vehicles and various forms of ve-
hicle autonomy. In this paper, we evaluate the operational
characteristics of a new class of shared vehicles that are
being actively developed in the industry: scooters with
self-repositioning capabilities, that we expect to become
viable in the coming years and present an alternative to
shared bicycles for short trips. We do this by adapting
the methodology of shareability networks to a large-scale
dataset of dockless bike-share usage, giving us estimates of
ideal fleet size under varying assumptions of fleet opera-
tions. We show that the availability of self-repositioning
capabilities can help achieve up to 10 times higher uti-
lization of vehicles than possible in current bike-share sys-
tems. We show that actual benefits will highly depend on
the availability of dedicated infrastructure, a key issue for
scooter and bicycle use. Based on our results, we envision
that technological advances can present an opportunity to
rethink urban infrastructures and how transportation can
be effectively organized in cities.
1 Introduction
The transportation landscape in cities is changing rapidly,
with three important areas of technological advancement
driving disruptive changes [1]. First, connected devices
that enable real-time feedback, control, and optimization
are becoming commonplace. The ubiquitous availability of
smartphones allowed new operators providing on-demand
transportation options to successfully compete with more
traditional modes [2]. Many companies that fall under
the “sharing economy” paradigm offer new options such as
ride-hailing and ride-sharing [3], car-sharing [4] and bike-
sharing [5, 6, 7]. Second, improvements in electric propul-
sion and battery technology are resulting in cleaner and
lighter vehicles, reducing local emissions and opening up
possibilities for new vehicle form factors [8, 9]. Lastly,
rapid advances in autonomous driving can result in pro-
found changes in urban mobility [10, 11, 12, 13, 14]; indeed,
several large companies are racing to be the first to deploy
fully autonomous taxis in commercial service.
Despite the possibilities afforded by new technologies, it
is still uncertain how the future of urban transportation will
look like and what policies are needed for technological ad-
vances to result in net benefits. There is an unclear picture
about the full benefits and drawbacks of ride-sourcing ser-
vices, with concerns often raised about potential increase in
total vehicle travel, congestion, and decreased public tran-
sit ridership [15, 16, 17]. Similarly, there are concerns that
the benefits of autonomous cars will be mitigated by in-
creased volume of trips and total energy use [11, 12]. Con-
sequently, providing a core transportation infrastructure of
high-capacity modes will remain important, with the ques-
tion of keeping transit attractive in the age of on-demand
autonomous mobility being crucial [18, 19, 20, 21, 22].
A central issue in transportation that has been elusive in
the past over hundred years is providing first- and last-mile
travel so that commuters can reach high-capacity modes
in a convenient and efficient manner. Despite research
suggesting that ride-hailing can serve this role [15, 23],
there are concerns whether it could work in a scalable
and affordable manner [23, 16]. In future-looking scenar-
ios, shared autonomous vehicles (SAVs) are envisioned to
provide first- and last-mile transportation in a more cost
effective way [24, 18, 19, 20]. Nevertheless, other form fac-
tors beside full-size cars should be considered to further
reduce costs, congestion and energy use. Recently, shared
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bicycles and scooters1 have been deployed in many cities
to provide a sustainable transportation mode for short
trips [25, 26, 6, 7, 27, 28]. While popular, these services
face serious challenges since imbalances in demand result
in vehicles accumulating in some locations while being un-
available in others; to avoid this, operators are required to
spend significant cost and effort on rebalancing the fleet,
i.e. employing people to move vehicles to areas with high
demand [29, 5, 30, 31].
In this paper, we consider a new form of transporta-
tion, self-repositioning shared personal mobility devices
(SRSPMD) as a potential way of providing efficient first-
and last-mile transportation and serving short trips [32].
An SRSPMD service would use small electric vehicles,
e.g. scooters, that can move autonomously at slow speed to
reposition themselves, but require to be driven by their user
during trips. This would allow efficient fleet operations,
while keeping the vehicles lightweight and simple. With re-
cent interest in new vehicle technologies, there is significant
ongoing research investigating the potential to create var-
ious small form-factor autonomous vehicles, e.g. personal
mobility devices (PMDs), golf cars, wheelchairs, scooters
or even bicycles [33, 34, 35, 36, 37, 38, 39]; thus we can
expect such vehicles to be available in the near future. As
of 2019, we know of at least one company that is pursuing
commercial application of the SRSPMD concept [40].
We perform an evaluation of the benefits of SRSPMDs
under the rigorous theoretical framework of vehicle share-
ability networks [41] using real-world data of shared bicycle
usage [6] and public bus use for short trips in Singapore as
our basis. This results in a characterization of ideal SR-
SPMD fleet size and vehicle utilization required to serve
trips currently taken by shared bikes. We compare these
results to a simulated scenario of simple fleet management
without proactive rebalancing and with limited knowledge
of future trips. This way, we provide reasonable bounds
of service efficiency for future operators under real-world
conditions and evaluate the benefits of predictive fleet man-
agement. These results allow us to characterize the main
benefits and challenges for SRSPMDs in cities.
While a significant amount of work has focused on bike-
sharing, e.g. on understanding usage patterns [25, 6, 7, 27],
optimizing fleet rebalancing [30, 5, 31] or determining opti-
mal fleet size [42, 43, 14], it is yet unclear how these results
would apply to an SRSPMD operator, or how to quantify
the benefits of self-relocation capabilities. An important
difference is that while rebalancing for conventional shared
bikes or scooters is usually performed in batches, under
constraints on the available manpower and vehicles, SR-
SPMDs would allow operators to move vehicles individu-
ally, offering more flexibility. Indeed, our approach is more
similar to previous work focusing on taxi or autonomous ve-
1In this article, we use the term scooter to refer to a personal
mobility device which is suitable to travel on pedestrian path, with
the rider in a standing or sitting position, powered either by the rider
(i.e. a kick-scooter) or by a small electric motor. We specifically limit
the term to not include small motorcycles that are often referred
to scooters in other contexts, but are significantly higher-powered,
primarily designed to be used on roads.
hicle fleet operations [41, 13]; a main difference is the slow
speed of SRSPMD vehicles that can be a serious limitation
when estimating which trips can be served consecutively
by the same vehicle. To account for this, we explicitly fo-
cus on related factors such as (1) state of infrastructure
and effect of upgrades; (2) effect of predictions in demand
on fleet management; (3) variation of fleet utilization with
demand.
Summarizing, the main contributions of this paper are:
1. Investigation into the fleet size requirements and ve-
hicle utilization of an operator of shared scooters with
self-repositioning capabilities based on real-world data
about the demand for short trips.
2. Explicit characterization of the benefits of limited au-
tonomy, with the average vehicle speed being a main
parameter.
3. Explicit characterization of the benefit of having a
knowledge of trips in advance for a limited prediction
window.
4. Explicit characterization of how fleet size and vehicle
utilization scales with demand.
5. Consideration of the benefits of selective infrastructure
upgrades.
2 The SRSPMD concept
There has been significant research in vehicle technology,
including lightweight electric propulsion and autonomy.
There are prototype autonomous vehicles of small form-
factor, including buggies [35], wheelchairs [33], and heavy-
weight personal mobility devices (PMDs) [34]. These all
provide functionality for autonomous driving with a user
on board. This however requires the vehicles to be suffi-
ciently bulky and heavy so that balancing is possible with
a person on board who is not aware of the steering and
movement control – this is in contrast to truly light-weight
vehicles such as bicycles and (kick-)scooters that require
the rider to actively participate in balancing it. Due to
these constraints, providing fully autonomous operations
with vehicles that are significantly lighter than their pas-
senger is likely not possible. Furthermore, navigating in
mixed pedestrian environment presents issues regarding de-
tection and communication of intentions or avoidance of
collisions [44, 45, 46, 47]. This can result in autonomous
vehicles adopting a “defensive” driving style, characterized
by frequent braking and overall low speed that makes them
unattractive to passengers.
Some of the above issues could be solved by “hybrid” ve-
hicles: in this case, the vehicle is driven by its user, but can
also move autonomously when a human is not on board.
This presents two main advantages: (1) vehicles can be
smaller and lighter, since there is no need for self-balancing
with a person on board; (2) autonomous operations can
target slower speeds and more defensive driving styles dur-
ing relocation trips, while during trips with a human, it is
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Figure 1: Typical light-weight vehicle that is used for
shared micromobility services and that could be the basis
of an SRSPMD service following hardware upgrades includ-
ing (1) at least three wheels for balance; (2) cameras and
optionally LIDAR sensors for localization; (3) low-power
on-board computer for semi-autonomous navigation; (4)
actuators for computer-controlled steering control; (5) op-
tionally, connectors or wireless energy transfer equipment
for autonomous charging. Even with these additions, the
size, weight and maneuvering capacity of the vehicle is ex-
pected to stay in the range typical of lightweight electric
scooters.
up to the rider to manage navigation among pedestrians
and other human-driven vehicles. This can result in vehi-
cles that are simpler and cheaper to develop and manufac-
ture. There has been a significant amount of research to
develop electric bicycles with such self-repositioning capa-
bilities [39, 36, 37]. Furthermore, such bicycles have been
proposed as a possible upgrade from current bikesharing
solutions [32]. Similarly, producing a light-weight, three-
or four-wheeled electric scooter (similar in form-factor to
traditional kick-scooters) seems even easier to achieve and
is actively pursued commercially as well [40, 48].
In the current work, we use the generic term self-
repositioning shared personal mobility device (SRSPMD)
to refer to any vehicle that is small enough to be ridden
on paths similar to cycling infrastructure and has at least
partial autonomy sufficient to reposition itself without a
rider present. Actual implementations can be similar to a
bicycle or a (kick-)scooter in form, such as the vehicle de-
picted in Fig. 1. We note that we consider these vehicles
to be strictly separated from full-size cars, i.e. they are not
expected to travel on roads. Also, we only consider electric
vehicles, powered by an on-board battery; current shared
scooters typically have a range up to 50 km [49]. We note
that our work is naturally extensible to vehicles with full
autonomy, nevertheless, deployment of such fleets would
raise even more concerns about providing adequate road
or path infrastructure. We envision that operators might
also deploy mixed fleets, where larger vehicles with full au-
tonomy are available for users who are unable or unwilling
to manually drive the smaller vehicles.
We expect SRSPMDs to have multiple advantages com-
pared to conventional shared bicycles or scooters. First,
due to autonomous repositioning, they will be able to serve
a larger number of trips without the need for costly man-
ual rebalancing; investigating this benefit is the main focus
of the current work. Second, having a smaller fleet serv-
ing more trips per vehicle, combined with autonomous re-
balancing, will avoid the accumulation of idle vehicles in
popular destinations, a commonly cited issue with current
operators. Lastly, self-repositioning will allow operators to
provide a more reliable service. Currently, use of shared
bicycles or scooters is mainly opportunistic, since there is
a large uncertainty about the availability of vehicles. This
way, bicycles and scooters remain a secondary, optional
choice for their users, who will still plan their trips without
wanting to rely on them. With self-repositioning, operators
can offer stronger guarantees on the availability of vehicles
in the right location and thus users can rely on SRSPMDs
as their primary mode of transportation for short trips and
first- and last-mile trips. In summary, SRSPMD operations
will be fundamentally different from current shared vehi-
cles – either bicycles or scooters – and could present new
solutions to serve short trips in urban environments. Our
work takes the first step in quantifying the potential bene-
fits of SRSPMDs and raises important questions for further
research.
3 Methods
3.1 Shared bike usage data
As the main data source for the current work, we use trips
made by customers of a dockless bike-share operator over
the one week period between 2017.09.11 and 2017.09.17. [6],
available as Ref. [50]. Data collection and preprocessing
procedures were presented in more detail in Refs. [6, 7].
Notably, after identifying trips, we filter out excessively
short and long trips; the former might be the result of
inaccurate GPS measurements, while the latter can corre-
spond to the operator removing the bike for maintenance.
This way, we have a total of 284,100 trips over the course of
the week. We show basic statistics of trips and bike usage
in our dataset in Fig. S2 in the Supplementary Material.
We note that overall, 35.9% of trips either start or end
within a 200m distance of a rapid transit (MRT or LRT)
station exit, indicating that a significant share of trips are
first- and last-mile transportation. This observation is con-
sistent with previous work investigating shared bike usage
in Singapore [6, 7]. We display a more detailed analysis of
the pattern of trips starting or ending close to rapid transit
stations in Fig. S1 in the Supplementary Material.
As the location of the bikes during the trips are not re-
ported, we first need to assign probable routes; we achieve
this by obtaining a representation of possible paths from
OpenStreetMap [51], finding the shortest path for each trip
and assuming it is the route taken. Currently, the use of
PMDs in Singapore on sidewalks and roads is forbidden;
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they are only allowed to be used on cycle paths, while previ-
ously, their use on sidewalks was allowed. Worldwide, with
the increasing popularity of electric scooters and PMDs,
cities are adopting different regulations, with use on side-
walks and cycling routes being prominent [52, 49]. It is
uncertain what regulations will apply to SRSPMDs; in the
current work, we use the assumption that they can use both
sidewalks and cycling paths.
After assigning shortest paths to each trip, we calcu-
late average travel speeds and filter out trips that have an
average speed above 30km/h. One probable explanation
for having such trips is that the path network obtained
from OpenStreetMap is incomplete, thus for some trips,
our estimated “shortest” path is still longer than the real
route taken by the user. After these processing and fil-
tering steps, we have a total of 278,826 trips left made by
32,782 unique bikes (identified by the 9 digit unique ID for
each bike reported in the dataset).
This would mean that each bike makes on average 1.2151
trips per day. In reality however, the number of bikes used
each day is much lower, between 13,000 and 18,000, thus
the average number of trips per bike per day is between
2.3 and 2.75 (see Fig. 2 and SI Table S1) and on average,
each bike is used for 26.2minutes each day (see SI Fig. S2).
We speculate that the large discrepancy between the total
fleet size and daily active fleet is due to multiple factors,
including intentional oversupply of bikes in a highly com-
petitive market at the time of our data collection, and bikes
being broken or left in hard-to-find locations by users for
extended periods of time.
3.2 Random trips based on bus usage data
As a further data source, we downloaded bus usage data
from the Singapore Land Transport Authority’s DataMall
interface for January 2019 [53]; we share this data online
along with other data used in this work [50]. The data
includes the monthly total number of trips taken between
any two bus stop pairs in Singapore, separated between
weekdays and weekends and with a time resolution of one
hour. We identify bus stops inside a limited study area
based on the Toa Payoh neighborhood (mostly dense resi-
dential); we have a total of 94 bus stops (see Fig. S3 in the
Supplementary Material for on overview of the study area).
Between all bus stop pairs, we divide the total number of
trips made on workdays by 22, the number of workdays in
January 2019. We find that the average number of total
daily trips in the study area is thus 68,499. Among these,
we find that about 28% (approximately 19,364 trips per
day) could be replaced by a PMD trip of less than 1 km,
while 84% (approximately 57,508 trips per day) could be
replaced by a PMD trip that is less than 2 km long. For
comparison, in the original bike dataset, we have on av-
erage 710 trips within the Toa Payoh area per day. This
shows that there is a large amount of additional short trips
happening that could be served by SRSPMDs beside those
that are already made by shared bicycles. Of course, not
every bus passenger could switch to using PMDs, but even
a small share of bus passengers switching will result in sig-
nificant demand. Considering the whole of Singapore, we
find that 13% of them, or approximately 512 thousand trips
per day could be replaced by a PMD trip shorter than 1
km; 48%, or about 1.9 million trips per day could be re-
placed by a PMD trip under 2 km. We additionally note
that 73.6% of the bus trips within the Toa Payoh area ei-
ther start or end at the vicinity of a rapid transit station;
see Fig. S4 in the Supplementary Material for more details.
We created potential “trips” for SRSPMD users based
on the bus trips. We generated trips of length up to R =
2km as candidates. We generated a subset of trips by a
random selection of trips from the bus trip dataset. We
denote the size of this random subset by nt and varied it
between 100 and 40,000. Since the time resolution of the
bus dataset is one hour, we assign a uniformly random trip
start time within the one hour time window for each trip.
Furthermore, for each trip, we assigned a building as the
start and end location in a uniform random way from a set
of buildings obtained from OpenStreetMap and matched
to the start and end bus stops previously. We note that
when generating trips, we assume users travel at a speed
of 5 km/h when using SRSPMDs. For each value of nt,
we repeated the random trip generation process 100 times,
and calculated minimum fleet sizes for each realization. In
Fig. 6, we report the average and standard deviation of the
results among the 100 random realizations.
3.3 Oracle model for estimating minimum
fleet size
We use the methodology of shareability networks [41] to
estimate a theoretical minimum for the fleet size. We use
the list of trips as the input, and require all trips to be
served by the fleet of SRSPMDs without any delay. For
each day, we represent trips by nodes of a graph that are
connected by a directed edge if the two trips can be served
by the same vehicle (in the time order that corresponds to
the direction of the edge). Calculating an ideal dispatch-
ing strategy is then equivalent to calculating a minimum
path cover on this graph [41]. In practice, we consider a
weighted version of the problem, that also minimizes the
total travel distance of the fleet as well. We display an
overview of runtimes and the size of the shareability net-
works in Tables S6 and S7 and in Fig. S16 in the Supple-
mentary Material. Since this methodology require advance
knowledge of all trips, we call this an oracle model, using
the terminology of Santi. et al [3] and Vazifeh et al. [41].
The result of this estimation then shows the potential
for efficient fleet management under ideal conditions, i.e. it
gives the smallest possible number of vehicles to serve the
given number of trips without delay. By comparing the
case with and without self-repositioning, we can character-
ize the maximum potential benefit of autonomy. We note
however, that even in the case of an “oracle” model, this
solution is ideal only if we constrain ourselves by taking
the trip start times as fixed; further optimizations are pos-
sible if trip start times can vary in an interval, leading to
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the well-known dial-a-ride problem [54], a central problem
in operations research where obtaining optimal solutions is
computationally infeasible for realistic problem sizes [55].
3.4 Online model for estimating opera-
tional characteristics
In previous work applied to taxi data [41], Vazifeh et al.
show that an online version of maximum matching can of-
fer similar performance to the oracle model with only short
delays. We note that a fundatmental difference in the case
of SRSPMDs is the slow relocation speed of vehicles that
can hamper performance. It is thus important to investi-
gate an online model, where the operator does not have
advance knowledge of trip requests.
We use a combination of greedy heuristics and batched
maximum matching in short time windows [13, 41] to simu-
late the performance of a fleet operator with a simple oper-
ating strategy that only includes response to user requests;
we share the source code of this model online [56]. In this
case, requests are aggregated in tb = 1min time windows;
for each time window, the operator performs a maximum
matching between available vehicles and unserved requests
with the goal of serving the largest number of requests with
the minimum amount of total waiting time. We explored
different values of tb and found that the value of one minute
performs best when considering short maximum waiting
times, i.e. tw = 5min, in line with the on-demand nature
of our setting. Furthermore, as a departure from earlier
works focusing on car-based services, we also consider that
passengers are willing to walk a short distance as directed
by the reservation system to meet a vehicle that is trav-
elling to pick them up [14]. We then investigate how this
affects performance as such arrangements can be significant
especially if the relocation speed of vehicles is low.
We note that the main limitation of the online model is
that we are not considering strategic decisions made by the
operators to rebalance the fleet of vehicles that can affect
the performance drastically [5]. Notwithstanding the fact
that bad decisions about fleet rebalancing can still result in
worse performance than doing nothing, we expect that real
operating conditions will present a middle ground between
the two cases considered in our work. As commute pat-
terns are highly regular [57, 58], operators will be able to
make valuable predictions about expected future demand
and thus make proactive rebalancing decisions. Even with-
out actual predictions, an operator can make rebalancing
movements with the aim of balancing the spatial distribu-
tion of vehicles in the service area, ensuring maximum spa-
tial coverage. This can drastically improve the performance
of the system [30, 31], however, such strategic methods are
demand and scenario dependent and thus not addressed in
this work.
To better explore how intelligence or predictions about
upcoming trips affect performance, we additionally inves-
tigated a further, “limited oracle” model: in this case, the
operator is assumed to have knowledge of trips in a look-
ahead window TLA. Varying this window from a few min-
utes to several hours allows us to explore cases in-between
the oracle and online models. We achieve this by running
an extended version of the online model, repeating assign-
ment of vehicles every tb = 5min and including knowledge
of all trips in the TLA window.
3.5 Estimating reachability for vehicles
Both methods for estimating fleet size rely on estimating
when a vehicle can reach a trip request. We do this by
extracting the network of sidewalks and cycle paths from
OpenStreetMap [51] and using this as the path networks
SRSPMDs can navigate on. Since we do not have esti-
mates of vehicle travel speed in real-world conditions, we
introduce the parameter vR, the average speed that SRSP-
MDs are able to travel during relocation. We emphasize
that in our analysis, vR is not the actual travel speed of
the vehicles, but the average speed, i.e. the total distance
of the relocation trip divided by the total time taken; this
includes any time spent stopping or slowing down due to
traffic interactions, a main limitation while navigating in
complex environments [44, 45, 47]. This way, we are able
to incorporate different assumptions on the infrastructure
available to SRSPMDs by varying this parameter. We use
low values of vR = 1km/h and 2.5 km/h as representative
of a case where SRSPMDs will continue to use sidewalks,
thus are required to carefully navigate among pedestrians,
limiting both maximum and average speed for the sake of
safety. We further perform our analysis with higher vR val-
ues of 5 km/h and 10 km/h that represent scenarios where
SRSPMDs can perform an increasing share of their reloca-
tion trips on a path infrastructure separated from pedes-
trians [59, 46].
4 Results
4.1 Oracle model
We display main results for lower and upper bounds on
fleet size in Figs. 2A-2D. Further details are given in Ta-
bles S1–S5 in the Supplementary Material. Ideal fleet
sizes in the oracle model range from around 4,000 vehi-
cles for vR = 1km/h, to between 1,500 and 2,000 for
vR = 10 km/h. These present 4 to 10 times reductions
compared to the number of active bicycles each day of the
bikeshare operator which ranges between 13,500 and 18,000
and up to 17 times reduction compared to the total number
of bikes seen in the fleet over the course of one week. At the
same time, average daily travel per vehicle is still limited to
below 40 km (see SI Table S5), well within the capabilities
of commercial scooters, indicating that any extra costs due
to charging infrastructure will be limited.
To better estimate the benefits and limits of self-
relocation, we perform two comparisons in the oracle
model. First, we estimate an ideal fleet size without au-
tonomy. We do this by assuming stationary vehicles and
the willingness to walk up to dwalk = 100m by users to
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Figure 2: Main results for fleet size, vehicle utilization and passenger waiting times. Top row: fleet sizes for the oracle
modes (A) and online mode (B) are compared over the course of seven days for different average relocation speed of
SRSPMDs (vR). We further show the current fleet size (green line; only bikes that are used at least once that day
are counted), the result of an optimal allocation of bikes without autonomy and a walking distance of up to 100m for
passengers (dark blue line) and the maximum number bikes in use at any time during the day (black line). Note that
fleet sizes in the online model can be larger than the current bikeshare fleet size as a result of uncertainties in GPS
data and filtering procedure we carried out for the raw data as described in the Materials and Methods section. On the
contrary, when calculating an ideal fleet size without autonomy, we accounted for by keeping the real sequence of trips
for each bike as an additional possibility, even if that required larger connection distances. Middle row: average fleet
utilization (i.e. number of trips per vehicle per day) in the oracle mode (C) and online model (D). Bottom row: average
waiting times (E) and ratio of trips served under tw = 5min waiting time (F) in the online model.
6
020
40
0 100 200 300
Maximum walking distance [m]
D
ec
re
as
e 
in
 re
qu
ire
d 
fle
et
 si
ze
Relocation
speed [km/h]
1
2.5
5
10
Figure 3: Decrease in fleet sizes achievable if passengers are
willing to walk short distances to meet a vehicle. Results
are shown for the online model as a function of the maxi-
mum walking distance acceptable to passengers. Walking
speed is assumed to be 3.6 km/h, which is notably faster
than vehicle relocation speed in some of the cases. We
see that significant savings are possible even for short dis-
tances, i.e. up considering only 100m walking.
reach a bicycle. This corresponds to a case where the op-
erator assigns a bicycle to each user for their trip based on
the results of an “oracle”, instead of the user freely choos-
ing any available bike. We see in Fig. 2 that this result
offers only moderate improvements in fleet size over the
base case, thus we can conclude that self-relocation capa-
bilities are essential for making significant improvements
in fleet size and vehicle utilization. We also calculate an
absolute minimum on fleet size as the maximum number
of bicycles in use simultaneously; this results in very low
numbers, between 800 and 1,110.
4.2 Online model
Having estimated theoretical minimum fleet sizes in the
oracle model, we compare these with the upper bounds ob-
tained in the online model. We perform two variations to
obtain (1) an estimation of “ideal” fleet size without knowl-
edge of trips in advance; (2) a characterization of service
quality in terms of waiting time for users. In the first case,
we start the simulation with zero vehicles and allow the op-
erators to “create” new vehicles when a trip request would
go unserved for tw = 5min, similarly to the methodology
used to estimated SAV fleet sizes previously [13, 60]. This
results in significantly larger fleet sizes (Fig. 2B), compa-
rable to the original fleet size of bicycles for low values of
vR and a more reasonable number of between 4,000 and
5,000 if vehicles can travel faster (vR = 10 km/h). In the
second case, we run the simulation with a predetermined
number of vehicles distributed randomly in the city and
record average waiting times and the ratio of trips served
under tw = 5min. We can make similar conclusions as in
the previous case: in Figs. 2E-2F, we again see that a fleet
size between 4,000 and 5,000 vehicles and high vR values
are necessary for adequate service, e.g. considering a fleet
size of 5,000 vehicles, for vR = 10 km/h, we have an aver-
age waiting time of 2.2min and 92.6% of trips are served
within 5 minutes.
These results are easily understandable considering that
in the online model, the operator needs to be ready to
serve any trip request occurring in the service area with
small delay; if trip requests are not known in advance, this
requires an idle vehicle to be available at most tw travel
distance from any location in their service area. For an
average relocation speed of vR = 1km/h and tw = 5min,
this would mean that a vehicle should be available no more
than 83meters away from any possible location. Obviously,
this translates into having a large number of vehicles dis-
tributed in a regular fashion standing by to serve any re-
quest.
By drawing a 100m circle around every trip start loca-
tion in the dataset and merging the area of these, we obtain
an estimate of 312 km2 as the service area of the dockless
bike share operator in Singapore. For vR = 1km/h, we
would need at least NI =22,464 idle vehicles distributed
evenly in the city to be able to serve any trip request within
tw = 5min. Obviously, NI ∼ v−2R , thus larger relocation
speeds allow much smaller number of vehicles to cover the
service area: with vR = 2.5 km/h we already only need
3,594 such vehicles, for vR = 5km/h we need 899 vehicles
and for vR = 10 km/h we need 225 vehicles. In reality,
available vehicles are not evenly distributed in the service
area, nor is the demand. Furthermore, we have to account
for the vehicles engaged in serving trips or relocating be-
side NI . Empirically, we find a lower exponent of about
0.87 when we consider fleet sizes necessary to serve at least
50% of trips with a maximum of 5min waiting time (see
Figure S5 in the Supplementary Material). We note that
this relationship will likely be influenced by the overall den-
sity of trips, since as total demand grows, the size of the
“stand-by” fleet, NI will constitute a decreasing fraction of
total fleet size.
Results so far were based on the assumption that trips
have a fixed start location where passengers are waiting
for a vehicle that is used for the trip. In the case of short
trips however, it makes sense to assume that users would
start their trip walking and continue the trip using an SR-
SPMD vehicle that they encounter at a suitable “meeting
point”. This resembles how shared vehicles without auton-
omy operate currently, where users have to find a nearby
vehicle. A willingness of passengers to walk a short dis-
tance effectively increases the radius where available ve-
hicles can come from and thus lower the NI idle vehicle
number needed to cover an area. We display results as
the change in fleet size in Fig. 3 and in vehicle utilization
in Fig. S6 in the Supplementary Material. We find that
a maximum walking distance of 100m results in decreas-
ing the necessary fleet size by over 25% for vR = 1km/h.
We see that passenger walking has the largest effect for
slow vehicle relocation speeds, but is still significant even
in the case of higher speeds as it results a 10% decrease
of necessary fleet size even for vR = 10 km/h. Even higher
decreases in fleet size are possible for larger maximum walk-
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Figure 4: Average fleet utilization as a function of look-
ahead window size TLA in the limited oracle model. We
varied TLA from 5 minutes to 4 hours; in contrast to the
online model, and similarly to the oracle model, we require
trips to be served without waiting. Results are averaged
over one week of data; separate results for each day are
shown in Fig. S7 in the Supplementary Material.
ing distances. These results are consistent with the findings
of Ref. [14] who investigated the performance of a fleet of
multi-class vehicles with optional walking in a limited geo-
graphic area and with synthetic demand data.
4.3 Limited oracle model
We anticipate that real operating conditions will present a
middle ground between the oracle and online models; oper-
ators will likely be able to make valuable predictions on the
demand for trips. To evaluate how operations in-between
the two models analyzed so far, we also present results for
a limited oracle model where trip requests are assumed to
be known in advance in a time window TLA and vehicle
assignments are recalculated periodically based on the new
information that is available. Of course, under realistic
conditions, the operator will not know the exact trips in
advance, nevertheless, predictive models will likely result
in estimations of demand that can be used in a similar
fashion. In Figure 4, we show improvements in average ve-
hicle utilization as a result of increasing the TLA look-ahead
window size. Depending on the relocation speed, small to
moderate window sizes result in a drastic increase in vehi-
cle utilization. For TLA above four hours, average utiliza-
tion approaches the results obtained in the oracle model.
Notably, for the slowest speed, vR = 1km/h, utilization in-
creases only gradually, while for larger speeds, significant
gains are possible only for TLA = 1 hour, meaning that
a prediction of demand in the next hour can already be
a valuable resource for an operator. These results high-
light the importance of predictive rebalancing, especially
since a key difference from a system utilizing full-size cars
is the slow speed and thus longer time interval needed to
reposition vehicles.
4.4 Effects of upgrading infrastructure
Our analysis so far outlines that the vR average reloca-
tion speed plays a crucial role in the viability of an SR-
SPMD service, especially in the online model. To further
characterize the benefits from upgrading path infrastruc-
ture, we repeat our previous analyses in a presumed “two-
tiered” infrastructure system: in this case, we have separate
paths upgraded specifically for PMD, SRSPMD and poten-
tially bicycle use, allowing high average relocation speed of
v∗R = 15 km/h. The ratio of such paths among all is con-
trolled by the parameter r ∈ {0.05, 0.1, 0.2, 0.25, 0.5}. On
the rest of the path network, we assume the same travel
speeds as previously, namely, vR = 1km/h, 2.5 km/h,
5 km/h or 10 km/h. We exploit the fact that usage of paths
in the system is not uniform: some path segments see signif-
icantly higher usage than others (see SI Fig. S8), similarly
to what was observed regarding taxi trips previously [61].
Thus, we envision path upgrades starting with the most
used segments, continuing by decreasing usage rank un-
til a total of r fraction of path length is reached. While
a more complex approach would naturally consider other
constraints as well [59, 46], we perform a simpler choice of
path segments to upgrade based only on activity to gain a
better understanding of the underlying fundamental rela-
tionship between path infrastructure and fleet utilization.
We display results for average vehicle utilization using
the two-tier infrastructure in Fig. 5. We see that signifi-
cant improvements in utilization are possible for relatively
minor upgrades in infrastructure. These increases in aver-
age vehicle utilization correspond to decrease in total fleet
size; more detailed results are displayed in Figs. S9–S14 in
the Supplementary Material.
4.5 Scaling of utilization with demand
Our main analysis was carried out using data from a bike-
share operator as an estimate of the demand for short trips,
but is in itself limited by the usage patterns and market
share of the operator. To overcome this limitation, we per-
formed an additional analysis in which we sampled trips
made by bus passengers in Toa Payoh, a dense residen-
tial neighborhood of Singapore (see map of study area in
Fig. S3 in the Supplementary Material).
We display results in Fig. 6 as average daily vehicle uti-
lization as a function of the number of daily trips. We see
that initially there is a strong dependence between these.
However, as the number of daily trips grows, vehicle uti-
lization seems to saturate: above 5,000 trips per day, there
are only marginal benefits of more trips. In Fig. S3 in the
Supplementary Material, we show that below this satura-
tion, average utilization of vehicles can be well modeled to
grow logarithmically with the number of daily trips. Com-
paring these results with our results for the bikeshare data
shown in Fig. 2, we see that there is a moderate room for
improvement if higher usage rates are achieved; e.g. in our
“best case” scenario (with vR = 10 km/h), the average uti-
lization of vehicles can be increased from between 20 to 25
to slightly above 30 trips per day.
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Figure 5: Average utilization of SRSPMD fleet in the oracle model (left) and online model (right) after improving a given
relative length of paths, compared to the original utilization at a given relocation speed vR. It is assumed that vehicles
can travel at an average speed of v∗R = 15 km/h on upgraded path segment and with vR on original path segments.
Results are averaged over the 7 days of data; separate results for each day are shown in the Supplementary Material.
We see in Fig. 6 that in the case of the oracle model,
results based on the bikeshare data (constrained to trips
happening in the Toa Payoh region in this case, between
600 and 800 trips per day in total) and the bus usage data
fit together well, thus we can regard the results from the
bus trip data as a meaningful extrapolation. Conversely,
we find that there is no such correspondence in the case
of the online model; there, results based on bikeshare data
show much higher vehicle utilization than results based on
bus trips. One possible explanation for this is that the bike-
share trips are already biased by the availability of vehicles,
since we have no data on lost demand. This highlights the
difficulties likely encountered by an operator that aims to
provide reliable service, i.e. with a low level of lost demand.
5 Discussion
We note that there is a clear cost component of SRSP-
MDs, i.e. the extra hardware and software needed to en-
able autonomy. We estimate the average cost of conven-
tional electric scooters approved by the Land Transport
Authority of Singapore as 566 SGD [62] and the cost of an
autonomous version to be about thrice as much, i.e. around
1,500 SGD (including the cost for a short range LIDAR and
an on-board computer); similar price estimates are given
by manufacturers actively developing scooter models with
limited autonomy [63]. This implies that considering the
static cost of deploying a fleet, using SRSPMDs instead of
conventional scooters will be financially reasonable if self-
relocation capabilities allow the fleet size to be reduced
to approximately one third or less. While this is clearly
the case for the solutions of the oracle model, focusing on
the online model, we see that a fleet size of 5,000 could
potentially provide reasonable service if an average relo-
cation speed of vR = 5km/h or higher is achieved, at a
comparable cost of deploying a fleet of over 15,000 conven-
tional scooters, or the equivalent of the active fleet size in
the bikesharing system studied (see Fig. S15 in the Sup-
plementary Material for a more detailed analysis of capital
costs). We note that beyond capital costs, further factors
will include extra liability insurance and maintenance re-
quirements for the SRSPMDs, while at the same time, sig-
nificant savings can be realized due to eliminating the man-
power needs for fleet rebalancing. Both conventional and
autonomous scooters are expected to incur similar costs
for battery charging or swapping; at the same time, auto-
mated solutions for charging could realize further savings
for operators.
While our results show that self-repositioning shared per-
sonal mobility devices (SRSPMDs) offer a promising trans-
portation concept for short trips and first- and last-mile
segments of longer trips, there are several challenges for
adoption. We have seen that a crucial parameter is vR, the
average speed SRSPMDs are able to achieve when reposi-
tioning themselves. While we used vR as a parameter in
our models, in reality it will be determined by the ability
of the vehicles to navigate in a complex environment. This
way, operations can be severely affected if SRSPMDs have
to share narrow sidewalks with pedestrians [44, 45, 46, 47].
Differences between the oracle and online models presented
in the current work also highlight the need for predictive
repositioning instead of reactive fleet management, espe-
cially in areas where repositioning speed remains slow. Be-
ing able to ensure a high availability of vehicles would po-
sition SRSPMDs as a primary mode of transportation for
short trips instead of the mainly opportunistic use cur-
rently typcial of shared bikes and scooters.
In the current work, we mainly focused on the oper-
ational efficiency aspects of the average relocation speed
and the main reason for path upgrades was to allow vehi-
cles to travel faster. At the same time, more infrastructure
will be also needed to avoid conflicts among pedestrians,
SRSPMDs, and cyclists. An important future direction
needs to assess interactions between SRSPMDs, pedestri-
ans, other PMD users, cyclists and even traditional and
autonomous cars to determine the best road, sidewalk and
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Figure 6: Average fleet utilization as the function of the number of daily trips in Toa Payoh, with trips generated based
on bus usage data. Top row shows results in the oracle model, while bottom row shows results for the online model,
with tw = 5min maximum wait time. Left panels (A and C) show results for a wide range of daily activity values. Right
panel (B and D) show results for relatively small number of daily trips. In these figures, dots show results calculated
based on the bikeshare dataset, limited to trips happening in the Toa Payoh area. These show good agreement with
results based on bus trips data in the oracle model (B), while there is a significant difference in for the online model
(D).
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path design to achieve this goal, while allowing ideal flow of
people and efficient relocation of SRSPMDs. This will re-
quire extending the limited research on cyclist behavior and
maneuvering [64, 65] for the case of human-driven and self-
repositioning scooters. Well-designed sidewalks and PMD
paths will be essential for SRSPMDs to gain acceptance.
Further research should consider the full sustainability
benefits of SRSPMDs, including lifecycyle energy use un-
der different scenarios of usage patterns and integration
with public transit services [20]. We believe the main po-
tential for positive change is solving the first- and last-mile
transportation problem. SRSPMDs can effectively increase
the catchment area of rapid transit stations [66], and re-
lieve buses and road capacity from short trips. Increased
convenience can help transit remain a competitive choice
for travel; this is especially important considering a future
with autonomous cars offering cheap point-to-point trans-
portation [18, 21]. At the same time, SRSPMDs pose an
attractive alternative to short trips that are currently made
by active modes (i.e. walking or cycling) or transit, imply-
ing a potentially disruptive change for local bus service
operations and highlighting the need a for a more rigorous
study considering the net sustainability effects of SRSP-
MDs.
Planning will need to consider the opportunities pre-
sented by SRSPMDs and the trade-offs in building and
upgrading a path infrastructure for them, e.g. the oppor-
tunity to place rapid transit stations further apart, or a
decreased need for roads if SRSPMDs provide an attrac-
tive alternative for first- and last-mile trips. Looking be-
yond, we believe that deployment of SRSPMDs and the im-
plied infrastructure needs should be studied together with
the opportunities offered by the three main technological
advances in transportation, i.e. connected devices, electric
mobility, and autonomy. The combination of these offers
us the opportunity to rethink the design of transportation
infrastructure in cities, a change that can be compared to
the effect that the internal combustion engine and elec-
tric rail transit had on cities more than a hundred years
ago. Competition between private cars and mass transit
could be transformed into the management of a more fluid
landscape of shared, connected, electric and autonomous
transportation solutions of various form factors and oper-
ational models. The transportation network infrastructure
shall evolve to support the above landscape to provide con-
venient, accessible and green transportation in dense new
megacities as well as in sprawling suburban areas inherited
from the 20th century.
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Supplementary Material
Definition of the path upgrade problem
We start with a set of trips T that are made by SRSPMDs, including trips made by users and repositioning trips. Our
goal is to select path upgrades in a way that has the maximum impact, e.g. maximizes travel on upgraded paths or
results in maximum decrease in fleet size while serving the same set of trips. This goal is subject to a constraint on the
available resources for building and upgrading paths.
The current paths available to cyclists and PMDs as obtained from OpenStreetMap form an undirected graph G =
{V,E}. Each edge e ∈ E has an associated length le. These are obtained as the set of all sidewalks and cycle paths. For
simplicity, we assume that new, dedicated PMD paths can be built only in parallel with any of the edges present in G.
We assume that potential upgrades to the network are carried out by edge granularity, i.e. each edge is either upgraded
or not, represented by the binary choice variable ue = 0, 1. Note that we do not consider the possibility to add edges as
we assume that the path network is already sufficiently dense. In the following, we refer to a configuration of upgrades
as an |E| length binary vector u which determines for all edges whether they are upgraded or not. It is clear that for a
network of N ≡ |E| edges, there is a total of 2N distinct configurations of network upgrades. Thus, enumerating all of
them is not feasible for any realistic network size.
We can formally define the path upgrade problem as the following. We define the (scalar) functions C(u) and B(u)
as the cost and benefit of carrying out a certain upgrade respectively. We would like to carry out a network upgrade
with maximal benefit subject to cost constraints:
find u s.t. B(u) maximal, subject to C(u) ≤ Cmax (1)
In this formulation, we can use Cmax as a parameter which limits the process; repeating the solution for different
values of Cmax allows us to define B(C) which determines how the maximal benefit of upgrading paths changes as a
function of invested cost. To carry out this optimization, we need to define the B and C functions. In the current
analysis, we assume that the cost of performing upgrades is simply proportional to the total length of upgraded paths,
i.e. C(u) =
∑
e∈E uele.
In general, B(u) can be a complex function of path configuration, that may not be computable analytically, but
only with simulations. Essentially, for any upgrade configuration u, the ideal path choices will change according to the
upgrades carried out. Furthermore, the definition of B can differ based on which stakeholder’s perspective is considered:
e.g. for an operator, it can be the reduction in fleet size achievable due to increased speed; for users, it can be the
decrease in travel and waiting times; for the city, in can be the decrease in potential conflicts between path users. In the
current work, we adopt the simple measure where B is defined as the total relative length of travel on upgraded paths:
B(u) =
∑
e∈E uelene∑
e∈E lene
=
∑
t∈T
∑
e∈et uele∑
t∈T
∑
e∈et le
(2)
Here we denote the number of distinct trips that traverse edge e by ne. Alternatively, we can calculate the same
measure by summing up the length of upgraded path segments for each trip separately: doing this on the right hand
side of Eq. 2, by et, we denote the set of edges traversed by trip t. Even in this case, B(u) will depend on the solution
of the routing and vehicle assignment problems given the configuration of upgraded paths u. Formally, we note that the
set of trips T and the set of edges for each trip t will depend on u since an upgraded path configuration can result in
alternative routes becoming preferable and also in more repositioning trips becoming possible between trips.
We present two approximations for B(u):
• B∗ is an approximation assuming that neither the routing of trips nor the assignment of vehicles changes as a result
of path upgrades.
• BT is an approximation assuming that the set of trips does not change, but each trip is rerouted to find an ideal
path given the upgraded network.
Essentially, we have
B∗(u) =
∑
t∈T∗
∑
e∈e∗t uele∑
t∈T∗
∑
e∈e∗t le
(3)
BT (u) =
∑
t∈T∗
∑
e∈et uele∑
t∈T∗
∑
e∈et le
(4)
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avg. trips / vehicle
day shared bikes SRSPMDs
current ideal 1 km/h 2.5 km/h 5 km/h 10 km/h
Monday 2.30 2.84 8.80 12.62 16.43 20.69
Tuesday 2.44 3.05 9.69 14.05 18.21 23.08
Wednesday 2.48 3.09 10.48 15.34 20.00 25.30
Thursday 2.48 3.07 10.20 14.85 19.19 23.67
Friday 2.37 2.96 10.34 14.90 19.54 24.61
Saturday 2.75 3.55 12.12 17.32 21.98 27.32
Sunday 2.63 3.39 11.34 15.77 19.62 23.80
Table S1: Main results for average vehicle utilization (trips / vehicle).
where T ∗ is the original set of trips (with vehicle assignments calculated without considering path upgrades) and for
each trip, e∗t is the original set of edges that it traverses. B∗ can then be easily calculated based on the solutions of
the original routing and vehicle assignment problem given a configuration of path upgrades u, while calculating BT
requires solving the routing problem again after considering the updates. It follows that for any given set of updates
u, BT (u) ≥ B∗(u), since any path that allows faster travel will have a higher ratio of upgraded path lengths. It is less
clear if after solving the vehicle assignment problem on the upgraded paths, the value for B(u) is increased as well. We
conjecture that this is true, giving:
B(u) ≥ BT (u) ≥ B∗(u) ∀u (5)
The approximation B∗(C) can be easily computed as a function of maximum upgrade costs. Given that in this case,
the denominator in Eq. 2 is constant, we note that B∗ is proportional to a linear combination of lene values. We can
maximize B∗ by including the terms with the highest ne values until the limit C is reached. While for a general value
of C, calculating B∗ this way presents the knapsack problem, we can calculate a discrete number of ideal solutions
by successively adding edges to the upgraded set by decreasing rank. For a given solution of the routing and vehicle
assignment problem, we define an ordering of edges e1, e2, . . . eN such that nej+1 ≤ nej , ∀j. Next, we define a series of
upgrade choices, ui (i = 1, 2 . . . N), where uij decides whether edge ej is upgraded according to the same ordering:
uij =
{
1 j ≤ i
0 otherwise (6)
and then a series of cost and benefit values Ci ≡ C(ui), B∗i ≡ B∗(ui). It follows that B∗i is the ideal solution of the
problem defined in Eq. 1 for the approximate benefit function defined in Eq. 3 and the constraint Cmax ≡ Ci. Exploiting
that B∗(C) is a nondecreasing function, we can then approximate it with the step function:
B∗(C) ≡ B∗i+1 if C ∈ [Ci, Ci+1) (7)
(using the natural extensions C0 ≡ 0, CN+1 ≡ CN and B∗N+1 ≡ B∗N ). We display this function in Fig. S8 in the
Supplementary Material, separately for the set of original trips and repositioning trips, along with the values of BT (ui),
calculated for a subset of points, using the same ui upgrade configuration that maximizes B∗ in those points.
In the analysis presented in Section 4.4 in the main text and in Figs. S8 – S14 in the Supplementary Material, we
used the approximate form of B∗(u) as described in Eq. 3. We selected path segments to upgrade based on the scheme
presented in Eq. 6. In this way, our results present a lower bound on the benefits of path upgrades when considering
fleet size and vehicle utilization. Using a benefit function that directly evaluates savings in fleet size could allow more
optimizations, although it would present tremendous computational challenges, as it would result in an optimization
problem where the objective function can only be computed via time-consuming simulations.
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fleet size maximum
utilizationday trips shared bikes SRSPMDsavailable used ideal 1 km/h 2.5 km/h 5 km/h 10 km/h
Monday 31058 35350 13512 10944 3531 2461 1890 1501 800
Tuesday 38030 35535 15556 12488 3926 2706 2088 1648 859
Wednesday 39645 37642 15984 12828 3784 2584 1982 1567 876
Thursday 39537 37885 15929 12878 3878 2663 2060 1670 966
Friday 37143 38229 15702 12560 3592 2492 1901 1509 878
Saturday 48747 38128 17743 13729 4021 2814 2218 1784 1083
Sunday 44666 38150 16956 13192 3938 2832 2277 1877 1110
Table S2: Main results for fleet size. Fleet sizes for SRSPMDs with different assumed average relocation speed are
compared to current fleet size of shared bikes, minimum achievable fleet size of shared bikes with users willing to walk
up to 100m, and to the fleet size corresponding to the maximum number of bikes simultaneously in use each day.
avg. time used / vehicle [min]
day shared bikes SRSPMDs
current ideal 1 km/h 2.5 km/h 5 km/h 10 km/h
Monday 23.21 28.66 88.83 127.45 165.95 208.96
Tuesday 24.09 30.01 95.47 138.51 179.50 227.43
Wednesday 24.37 30.36 102.92 150.72 196.49 248.53
Thursday 24.80 30.68 101.88 148.36 191.79 236.58
Friday 23.76 29.71 103.88 149.73 196.28 247.27
Saturday 32.40 41.88 142.98 204.31 259.21 322.27
Sunday 29.40 37.78 126.58 176.01 218.91 265.56
Table S3: Main results for average vehicle utilization (time used / vehicle).
day
total distance traveled [km]
original
trips
connecting trips
1 km/h 2.5 km/h 5 km/h 10 km/h
Monday 26171 7527 10064 12524 15270
Tuesday 31971 9653 13057 15718 18759
Wednesday 33219 10111 13683 16739 20281
Thursday 32780 9846 13207 16176 19188
Friday 31473 10318 13491 16617 19962
Saturday 42806 12225 16110 19522 23555
Sunday 38530 11123 14175 16477 19231
Table S4: Total distance traveled by users during the original trips and by SRSPMDs during connecting trips with
different assumed relocation speed. We see that the distance traveled by the vehicles without a user (in connecting
trips) can exceed 50% of the distance traveled with a user.
day
avg. distance traveled / vehicle [km]
original
fleet
SRSPMD fleet
1 km/h 2.5 km/h 5 km/h 10 km/h
Monday 1.94 9.54 14.72 20.47 27.61
Tuesday 2.06 10.60 16.64 22.84 30.78
Wednesday 2.08 11.45 18.15 25.21 34.14
Thursday 2.06 10.99 17.27 23.77 31.12
Friday 2.00 11.63 18.04 25.30 34.09
Saturday 2.41 13.69 20.94 28.10 37.20
Sunday 2.27 12.61 18.61 24.16 30.77
Table S5: Average distance traveled by each vehicle in the fleet.
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Figure S1: Percentage of trips starting (top panel) or ending (bottom panel) close to a rapid transit station. Trips that
end or start close to a station exit were identified, based on the list of stations in service at the time of data collection
and the location of station exits obtained from the DataMall interface [53]. We display results aggregated by hour over
the course of the one week long dataset. Multiple threshold distances were used to compensate for uncertainteis in GPS
data and variability in typical bike parking locations. It is noticable that there is a large peak in the morning considering
trip destinations and a lesser peak in the afternoon considering trip origins. This suggest that these are commuting
trips that use shared bikes to access the rapid transit network.
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Figure S2: Basic statistics of bike usage. Top left: distribution of the number of daily trips per bike. Only active bikes
(i.e. having at least one trip that day) are considered. Most bikes are used only a few times. Top right: distribution
of total time bikes are used during the day. Bottom left: distribution of trip durations. We see that most trips are
shorter than 30 minutes. Bottom right: number of bikes simultaneously in use during the day (i.e. number of trips
happening simultaneously). We see that usage is highest during the evening. Also, weekdays and weekend have a
distinctive pattern, with morning and evening peaks being dominant for weekdays, and a more even usage during the
day for weekends.
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Figure S3: Left: Study area for bustrip data. Bus trips within the area marked by the red border are used in our
analysis. Blue dots represent bus stops considered in this study, while the orange dots are the three MRT stations in
this area (Toa Payoh and Braddel on the North-South Line and Caldecott on the Circle Line). Note thtat we excluded
three bus stops on the north side of Braddel Road (the northern border of the study area) as it is unclear if crossing the
road from there would be possible for SRSPMDs. Right: daily average utilization of SRSPMDs as a function of daily
number of trips with a logarithmic x-axis. We see that vehicle utilization can be well modeled to grow logarithmically
as a function of the daily number of trips until about 5000 trips / day, when a saturation effect becomes significant.
The black lines are fits of logarithmic growth for the vR = 1km/h and vR = 10 km/h cases.
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Figure S4: Ratio of bus trips starting or ending at an MRT station among all bus trips taken inside the Toa Payoh area.
The green line further shows combined ratios, i.e. the ratio of all trips that either start or end at a station. Very few
trips have both their start and end close to a station, thus this combined figure is very close to the sum of the separate
ratios. We see that the ratio of trips ending at a station is highest in the morning and gradually decreases during the
day, while the ratio of trips starting at a station displays an opposite trend. This suggests that a large amount of these
trips are made by commuters who live in this area and use the buses to access the MRT. The overall ratio for the whole
day is 37% and 39.7% for trip starts and ends respectively, with a combined total of 73.6%. Note that this statistic is
only calculated here for the bus trips that start and end within the study area of Toa Payoh and thus are typically short
trips.
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Figure S5: Estimating the relationship between average relocation speed and fleet size. Left: number of vehicles needed
to serve at least 50% of trips with up to 5min waiting time in the online model. The 50% threshold was chosen to
obtain a robust estimation of fleet size scaling with vehicle speed. The fitted power-law function has an exponent of
−0.872. Right: comparison of scaling in the online model with the oracle model and the simple estimate of NI vehicles
covering all of the service area. The exponents are −0.365 (oracle model), −0.872 (online model) and −2 (NI estimate).
For low relocation speeds, the concern for availability of vehicles (represented by NI) is dominant. Real fleet sizes are
smaller: in the oracle model, relocation decisions are made in advance, thus positioning vehicles close to demand is less
important; in the case of the online model, we only require 50% of trips to be served within 5min waiting time, thus a
smaller fleet is effective. For larger relocation speeds (vR ≥ 5 km/h), NI quickly becomes very small compared to the
fleet size determined by the vehicles performing trips or engaged in relocation movements.
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Figure S6: Exploing the effect of passengers walking to meet vehicles on required fleet sizes in the online model. In this
case, we assumed that users are willing to walk up to a maximum distance to meet a vehicle that they can use for their
trip. Walking speed was assumed to be 1m/s (3.6 km/h, which is notably faster than the relocation speed of SRSPMDs
at the two slower assumed cases). We used a maximum waiting time of 5 minutes, which included any time already
spent walking as well. In the left panel, we show changes in average vehicle utilization (different lines correspond to
different days in our dataset), while in the right panel we show averaged relative decrease in fleet size (as compared to
the case without walking). We see that significant savings are possible even for short distances, i.e. up considering only
100m walking.
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Figure S7: Improvements in average vehicle utilization in the limited oracle model as a function of TLA, the look-ahead
window size. Solid lines show the change in average vehicle utilization as TLA is varied from 5 minutes to 4 hours.
Dashed lines show the results for the online and oracle model. We note that utilization for small TLA values can be
worse than in the online model as we do not allow any delay for serving trips (the results for the online model were
obtained with allowing a maximum of tw = 5min waiting time for passengers before the start of trips). Results for
larger TLA window sizes approach those obtained in the oracle model.
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Figure S8: Quantifying the benefits of improving paths. We display with lines the ratio of cumulative travel on improved
paths as a function of the ratio of total path length upgraded, under the assumption that routing and vehicle dispatching
decisions do not change (i.e. the approximation of benefits by B∗(C) defined in Eq. 3). We see that small improvements
in the path network will affect relatively large share of total distance traveled, e.g. upgrading 26.2% of total length of the
path network (approximately 1,500 km of paths) will improve 73.8% of all trips by distance (approximately 175,000 km
travel by bike users in one week). Results are shown separately for the original and relocation trips. Points denote the
ratio of upgraded paths used after recalculating the routing of trips on the upgraded network (i.e. the approximation
BT as defined in Eq. 4). We see that these present further benefits over the simpler approximation given by B∗,
e.g. upgrading only 10% of paths allows for about 55% of trips to happen on upgraded path segments.
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Figure S9: Reductions in fleet size in the oracle model due to upgrading parts of the path network with original
vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h (bottom left) and vR = 10 km/h (bottom right).
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Figure S10: Increase in average fleet utilization in the oracle model due to upgrading parts of the path network with
original vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h (bottom left) and vR = 10 km/h (bottom
right).
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Figure S11: Reductions in fleet size in the online model due to upgrading parts of the path network with original
vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h (bottom left) and vR = 10 km/h (bottom right).
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Figure S12: Increase in average fleet utilization in the online model due to upgrading parts of the path network with
original vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h (bottom left) and vR = 10 km/h (bottom
right).
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Figure S13: Average waiting times in the online model and improvements due to infrastructure upgrades for original
travel speed vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h (bottom left) and vR = 10 km/h (bottom
right).
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Figure S14: Ratio of trips served within tw = 5minutes waiting time in the online model and improvements due to
infrastructure upgrades as a function of fleet size for vR = 1km/h (top left), vR = 2.5 km/h (top right), vR = 5km/h
(bottom left) and vR = 10 km/h (bottom right).
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Figure S15: Comparison of user waiting times (blue, left y-axis) and fleet deployment cost (red, right y-axis, in SGD)
in the online model for the four values of vR considered in our analysis. We note that the estimated cost of deploying
non-autonomous vehicles corresponding to the average number of bikes in use (15,912 over one week) is approximately
9M SGD.
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day numberof trips
speed
[km/h]
number
of edges
number
of matches
unweighted matching runtime [s] weighted matching runtime [s]
network creation matching network creation matching
Monday 31058
1 74,506,594 27,527 1087 2.75 1,425 274
2.5 209,329,664 28,597 1,084 9.26 1,480 1,401
5 310,495,824 29,168 1,084 20.26 1,536 2,996
10 381,982,617 29,557 1,097 30.67 1,570 5,567
Tuesday 38030
1 116,851,314 34,104 1,587 5.56 1,636 539
2.5 334,145,396 35,324 1,251 16.67 1,811 3,066
5 484,232,025 35,942 1,254 32.47 1,889 6,464
10 583,449,630 36,382 1,280 53.81 1,799 12,552
Wednesday 39645
1 129,124,151 35,861 1,638 6.71 1,650 666
2.5 369,533,687 37,061 1,294 23.27 1,771 3,679
5 532,800,476 37,663 1,298 46.38 1,857 9,048
10 639,021,770 38,078 1,318 65.81 2,018 13,566
Thursday 39537
1 133,122,014 35,659 1,614 6.54 1,664 655
2.5 372,796,856 36,874 1,285 23 1,761 3,438
5 531,145,965 37,477 1,312 42.79 1,842 7,581
10 634,568,937 37,867 1,313 63.26 1,873 13,612
Friday 37143
1 120,938,776 33,551 1,528 6 1,737 639
2.5 331,723,440 34,651 1,216 20.48 1,820 3,353
5 468,249,862 35,242 1,253 38.5 1,844 7,226
10 559,596,901 35,634 1,250 63.11 1,762 13,398
Saturday 48747
1 176,832,908 44,726 1,836 12.24 2,015 1,066
2.5 513,206,316 45,933 1,504 40.82 2,128 6,049
5 784,486,744 46,529 1,513 86.78 2,348 14,628
10 959,889,647 46,963 1,835 133.39 2,499 24,911
Sunday 44666
1 150,748,310 40,728 1,553 6.5 1,452 760
2.5 441,829,507 41,834 1,361 28.36 2,126 4,933
5 670,507,398 42,389 1,389 51.49 2,599 9,993
10 814,472,181 42,789 1,897 69.28 2,630 17191
Table S6: Runtimes for the maximum matching problem for finding optimal dispatching. Calculations were performed
on a Lenovo P720 workstation with two Intel(R) Xeon(R) Silver 4116 CPUs and 256 GiB of RAM. All calculations shown
here are single threaded. Number of edges refers to the total number of possible trip connections, that are represented
as edges in a shareability network [41]. Network creation runtime refers to the time needed to identify these edges
and create an in-memory representation of them; this is achieved in this case by performing shortest path calculations
(i.e. a Dijkstra-search) on the OpenStreetMap path network; this step can be parellelised in a straightforward way and
scales well on multiple cores. The matching runtime refers to the time needed to identify a maximum path cover on the
shareability network, a computational problem that is best performed by solving a bipartite maximum matching on an
augmented bipartite graph [67]. The unweighted case is solved by the Hopcroft-Karp algorithm [68]; code implementing it
is available at https://github.com/dkondor/graph_simple. The weighted case is solved using the Lemon library [69],
available at https://lemon.cs.elte.hu/trac/lemon. While the weighted case manifests extensive runtimes, these can
be mitigated by limiting the size of the shareability networks by only including trip connections shorter than a given
threshold, giving an approximate solution of the problem. Results in this case are further presented in Fig. S16 and
Table S7. All main results presented in the paper were calculated without such limits on connection times.
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Figure S16: Comparison of approximate solutions to the minimum fleet problem. In these cases, maximum connection
time (i.e. time elapsed between the end of a trip and the start of the consecutive trip of the same vehicle) is limited to
1-6 hours. This results in significant reductions in the size of the shareability network (left panel) and the runtime to
find the solutions (middle panel). At the same time, such limits can decrease the quality of the solutions, i.e. resulting
in larger estimated fleet sizes or lower estimated average utilization of vehicles. This effect is especially prominent for
slow relocation speeds where some of the longer trips might be necessary to keep the fleet balanced during the day. Still,
large gains in runtime can be realized even without degrading the solution quality by a large factor, as the results for a
limit of 4 hours show, with the exception of vR = 1km/h. Figures here display average values for all days in the one
week dataset used in this study. Note that the y-axis in the left and middle panels is logarithmic.
day numberof trips
speed
[km/h]
Conncetion
time limit [h]
number
of edges
number
of matches
Runtime [s] Ratio to ideal solution
network
creation matching
number
of matches
fleet
size
average
utilization
Monday 31,058
1.0 4 5,434,016 27,444 1,450 13.3 0.997 1.024 0.977
2.5 4 21,938,992 28,597 1,507 100 1 1 1
5.0 2 12,952,501 29,083 1,568 67.8 0.997 1.045 0.957
10.0 2 35,005,204 29,557 1,620 309 1 1 1
Tuesday 38,030
1 4 7,334,512 34,010 1,721 24.9 0.997 1.024 0.977
2.5 4 29,642,193 35,301 1,744 175 0.999 1.009 0.992
5.0 2 17,689,197 35,833 1,731 113 0.997 1.052 0.95
10.0 2 47,430,074 36,353 1,863 550 0.999 1.018 0.983
Wednesday 39,645
1 4 8,037,980 35,739 1,814 30.6 0.997 1.032 0.969
2.5 4 32,474,781 37,061 1,850 245 1 1 1
5.0 4 87,366,729 37,663 1,986 1,092 1 1 1
10.0 2 51,239,910 38,061 1,952 745 0.9995 1.011 0.989
Thursday 39,537
1 4 7,823,650 35,490 1,783 26.4 0.995 1.044 0.958
2.5 4 32,164,439 36,874 1,830 217 1 1 1
5.0 4 86,571,700 37,477 1,941 1,038 1 1 1
10.0 2 51,931,891 37,789 1,934 700 0.998 1.047 0.955
Friday 37,143
1 6 16,093,247 33,535 1,744 70.2 0.9995 1.004 0.996
2.5 4 27,307,712 34,634 1,729 178 0.9995 1.007 0.993
5.0 4 74,032,545 35,242 1,853 857 1 1 1
10.0 2 44,317,441 35,562 1,836 557 0.998 1.048 0.954
Saturday 48,747
1 6 32,011,007 44,723 2,143 192 0.9999 1.001 0.999
2.5 4 51,958,074 45,933 2,142 534 1 1 1
5.0 4 143,096,994 46,529 2,274 2,359 1 1 1
10.0 4 291,442,345 46,963 2,390 7,660 1 1 1
Sunday 44,666
1 4 10,391,302 40,621 1,932 46 0.997 1.027 0.974
2.5 4 42,174,871 41,834 1,970 361 1 1 1
5.0 4 117,642,608 42,389 2,036 1,487 1 1 1
10.0 2 63,230,877 42,747 2,025 968 0.999 1.022 0.978
Table S7: Network sizes and runtimes for approximate solutions of the weighted minimum fleet problem. Cases displayed
here were selected as the ones with minimal runtime where the ratio of average fleet utilization compared to the ideal
solution (i.e. the results in Table S6 is above 0.95.
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